Thoracic Electrical Impedance Tomography (EIT) is a non-invasive technique which attempts to reconstruct a cross-sectional image of the internal spatial distribution of conductivity from electrical measurements made by injecting small alternating currents via an electrode array placed on the surface of the thorax. Because air is highly resistive to electric currents whereas fluids and blood are good conductors, it is possible to detect changes in lungs air content with EIT enabling the assessment of ventilation distribution. This paper presents a physiological model which integrates a previously developed gas exchange model with a model of the lung mechanics. This model is combined with a two-dimensional (2D) finite element mesh of the thorax to simulate EIT image reconstruction in patients with acute Respiratory Distress Syndrome (ARDS) under mechanical ventilation. The model was able to track lung ventilation distribution under various simulated ARDS conditions and ventilator settings.
INTRODUCTION
Mechanical ventilation is an essential component in supportive therapy of patients with Acute Respiratory Distress Syndrome (ARDS): a potentially severe form of respiratory failure. Although, mechanical ventilation can be a lifesaving intervention for many patients in the Intensive Care Unit (ICU), it has been associated with potential complications causing secondary lung damage known as Ventilator-Induced Lung Injury (VILI) (Tremblay and Slutsky, 2006) . Selecting appropriate ventilator settings can reduce the risk of VILI. However, known bedside measures to guide the clinician when adjusting mechanical ventilation to provide adequate gas exchange whilst minimising any adverse effects to the patient's lungs are limited. Current methods available for assessing the lung function in mechanically ventilated patients include arterial blood gas analysis and graphic waveforms displayed on the ventilators (flow, pressure, volume over time as well as airway pressure-volume curves). However, these can give only an indication of the overall lung function and fail to provide full information on the regional lung behaviour. Currently, chest Computed Tomography (via a CT scanner) is the most reliable technique for the clinical assessment of regional lung recruitment and ventilation distribution in patients with ARDS. By measuring lung densities, well-aerated regions can be easily differentiated from poorly and/or nonaerated lung regions. However, CT exposes the patient to radiations and is not a routine bedside technique. Ideally, mechanical ventilation should be conducted with sufficient Peak End-Expiratory Pressure (PEEP) to achieve adequate oxygenation and prevent end-expiratory collapse and with a small tidal volume to avoid end-inspiratory overdistension. However, due to the absence of bedside monitoring of regional lung ventilation, the choice of optimal ventilator titration strategy remains controversial (Levy, 2002) .
The aim of Electrical Impedance Tomography (EIT) (Brown and Barber, 1992) is to produce a cross-sectional image of the internal distribution of conductivity, or alternatively resistivity of the lungs from electrical measurements made by injecting small alternating current patterns via surface electrodes and recording the resulting boundary voltages. Because air has a high electrical resistivity compared to other lung tissues, EIT offers a very promising tool for monitoring the pulmonary function. EIT suffers from some limitations that may prevent its adoption for routine medical diagnosis. Its major limitations are low spatial resolution, susceptibility to noise and electrode errors, and in medical imaging, large variability of images between subjects. Therefore, EIT is not suitable for anatomical imaging in the way Magnetic Resonance Imaging (MRI) or CT scanners are. EIT does however, have some advantages such as being relatively inexpensive, non-cumbersome, noninvasive and radiation-free. Additionally, it has the ability to produce a high number of frames per second which makes it very useful for continuous real-time lung imaging.
The first clinical images obtained with EIT were produced by the Sheffield group (Brown et al., 1985) , who developed a system that used the electrical impedance of various tissues within the human body to produce tomographic image maps of the resistivity distribution. Among the clinical applications of EIT being currently investigated by other groups one can cite the monitoring of internal bleeding, studies relating to the emptying of stomach, the monitoring of the heart function and brain activities for improving electro-cardiograms (EEG) and electro-encephalograms (EEG). However, the monitoring of the pulmonary function is considered as the most promising application of EIT which is expected to become, in the future, a valuable bedside tool in respiratory ICU. The Sheffield Research Group produced the first images of the pulmonary function using a simple backprojection algorithm to reconstruct cross-section images of the thorax (Brown et al., 1985) . The functional image showed an increase in resistivity during spontaneous inspiration of the subject. A filtered-back-projection method, similar to the one used in X-ray CT imaging was later implemented by the same group to improve the spatial resolution of the reconstructed images.
Many current ongoing research studies are being directed at demonstrating the ability of EIT to image regional lung ventilation in a clinical setting (Victorino et al., 2004; Hinz et al., 2005; Putensen et al., 2007) . Comprehensive literature reviews in this field can be found in (Frerichs et al., 2000) and . Recently a software package (EIDORS) implementing different methods for the solution of the forward and inverse problems in EIT using finite elements modelling techniques has been made available for public use (Adler and Lionheart, 2006) .
The purpose of this study is to present a comprehensive physiological model of patients under mechanical ventilation. The model combines a blood gas model (SOPAVent) (Wang et al., 2006) and a model of the lung mechanics with a 2D finite element model of the thorax to simulate EIT current injection and image reconstruction. The physiological model is intended to provide the foundation for the validation of a new EIT-based clinical decision support system for optimising mechanical ventilator settings in ARDS patients.
The rest of the paper is organised as follows. Section 2 focuses on the description of the physiological model and its principal components. The approach used to combine SOPAVent model with the lung mechanics and EIT is presented. Section 3 presents a simulation study with constructed scenarios of ARDS lungs.
OVERVIEW OF THE PHYSIOLOGICAL MODEL
The structure of the simulation model is depicted in Fig. 1 . 
(PEEP), the Peak Inspiratory Pressure (PIP), the Respiratory Rate (RR), the inspiration to expiration time ratio (I:E). The outputs are the predicted blood gases: the arterial partial pressure of oxygen (PaO 2 ), the arterial partial pressure of carbon dioxide (PaCO 2 ) and EIT image of the lung resistivity distribution.
Blood Gas Model (SOPAVent)
The blood gas model SOPAVent (Wang et al., 2006) describes the relationship between the ventilator settings (FiO 2 , PEEP, PIP, RR, Tinsp) and blood gas (PaO 2 , PaCO 2 ). In the model, the lung is divided into three compartments: The effective compartment (ventilated and perfused), the alveolar dead-space (DS alv ) compartment (ventilated but unperfused) and the alveolar shunt (SH alv ) compartment (perfused but unventilated). The model is assumed to have an anatomical dead-space and no extra-pulmonary shunt. On inspiration, CO 2 gas retained in the anatomical dead-space from previous expiration is assumed to re-enter all ventilated alveoli in proportion to their ventilation. The ratio of the volume expired from the alveolar dead-space compartment to the volume expired from all ventilated alveoli can obtained as:
Where is the partial pressure of CO 2 in the alveolar component of expired gas and is the partial pressure of CO 2 in the mixed expired gas.
Similarly, the contribution to the arterial blood flow from all perfused alveoli, both ventilated and unventilated is made up of the arterial blood flow from the effective compartment plus the arterial blood flow from the alveolar shunt compartment.
The perfusion of the alveolar shunt compartment as a fraction of the total pulmonary perfusion is obtained from the shunt equation:
Where is the oxygen saturation contribution to mixed arterial blood from the effective compartment, is the oxygen saturation from the mixed arterial blood and is the oxygen saturation of the mixed venous blood. Equations (5) and (6) define the link between the gas exchange and lung mechanics models.
Lung Mechanics Model
The lung mechanics model used in this study has been adapted from Hickling (2001) . The model is based on the fact that recruitment and derecruitment of the lung alveoli are the principal causes of inflation and deflation respectively. The lung is modelled as multiple units or alveoli which are distributed into compartments characterized by different superimposed pressure (gravitational pressure due to lung weight). In the supine position the superimposed pressure increases from the ventral compartment (independent region) to the dorsal compartment (dependant region). The lung units are described by their compliance curve which gives a nonlinear relationship between the applied pressure and the lung unit volume. The following equation is used to model this relationship (Salazar and Knowles, 1964) :
Where V is the lung volume, V 0 is the maximum volume at high pressure, P is the pressure and h is the half-inflation pressure. In the model, the lung unit can assume only two possible states: recruited (or open) and de-recruited (or closed). These two states are governed only by the Threshold Opening Pressure (TOP) which the critical pressure above which the lung unit pops open and Threshold Closing Pressure (TCP) below which the unit collapses. The model uses normally distributed TOP and TCP pressures (Crotti et al. (2001) ). The Mean (μ ) indicates the pressure at which the maximum of recruitment (TOP) and derecruitment (TCP) of the lung units occur, whereas the Standard Deviation (SD) describes the spread of the lung units' population with respect to the TOP and TCP (Yuta et al., 2004) . Therefore, μ and SD may be adjusted to reflect the heterogeneous characteristic of alveoli under different abnormal lung conditions such as ARDS (Table 3) (Markhorst et al., 2004) . Fig. 2 illustrates the mechanics of a single lung unit during inflation and deflation.
During inflation (or expiration) when the applied pressure exceeds the TOP, the lung unit pops open and assumes a volume according to (7). During deflation (expiration) when the applied pressure falls below the TCP, the lung unit collapses and its volume drops to zero. The lung volume at a given pressure can then be calculated by adding up the contributions of the recruited lung units in the different compartments at that specific pressure. The model parameters used throughout are listed in Table 1 (Hickling , 2001 ). 
EIT Model
A typical EIT system uses a set of 16 electrodes attached to the surface of the thorax to inject a small alternating current and record the resulting voltages to reconstruct a cross-sectional image of the internal distribution of the conductivity or resistivity. The quality of the reconstructed images depends on (i) the number of electrodes and data collection strategy and (ii) the reconstruction algorithm employed. The most popular data collection strategy is the so-called adjacent or four-electrode where current is applied to an adjacent pair of electrodes and the resulting voltages between the remaining 13 pairs of electrodes are measured. The type of reconstruction algorithm ranges from a simple linearised singlestep method to a computationally intensive iterative techniques. Mathematically, the problem of recovering the conductivity or resistivity within the body from the boundary measurements of currents and potentials is a nonlinear inverse problem and severely ill-posed. The EIT problem is often approximated by Laplace's equation and Newman type boundary conditions given by (8) as long as the frequency is in the range of 0-10 kHz in which biological tissue exhibits distinct conductivity values (Brown et al., 1985) . However, solutions to the full Maxwell's equations have also been investigated (Soni et al. 2006) .
Where σ is the conductivity, u is the potential, J v is the density of the injected current and is the normal vector to the surface. A systematic approach for solving the reconstruction problem is to solve the forward problem which consists of finding a unique effect (voltages) resulting from a given cause (currents) via a mathematical or physical model (conductivity distribution). The process of n r recovering the conductivity distribution within the body from the applied currents and measured boundary potentials is known as the inverse problem in EIT. There exist two approaches for solving the image reconstruction problem in EIT. Static reconstruction produces an image of the absolute conductivity distribution of the medium based on one set of measurements. Dynamic or difference imaging attempts to recover the change in resistivity based on measurements made at two different time periods.
In this paper, difference imaging was used and the finite element (FE) method was employed for the numerical solution of equation (8) by subdividing a 2D cross-section of the thorax into a finite number of triangular elements. The electric potential is expressed as a linear combination of the nodal basis functions. Each element is assumed to be homogenous and having the same conductivity. The FE model used to simulate the subject's crosssection of the thorax (adapted from Adler and Lionheart, 2006) was divided into four regions of different conductivities which were fixed to their basal values except those of the left and right lung that were updated based on the instantaneous lung volume generated from the lung mechanics model.
The relationship between changes in the basal conductivity of the lungs and the inspired fraction of air is described by a parametric model. The data used to derive this model were obtained from EIT and spirometry measurements recorded from a human subject during a respiratory cycle (Smulders and van Oosterom, 1992) . The left (σ L ) and right (σ R ) lung relative conductivities estimated from a thorax model for different inspiration levels are listed in Table 2 . The inspiration fraction F is defined as: F = (V insp -V min )/(V max -V min ), where V insp represents the tidal volume, V min and V max are respectively the minimum and maximum volumes assumed during tidal breathing. In this simulation study, the back-projection algorithm (Brown et al., 1985) was used for image reconstruction. The image reconstruction process is illustrated in Fig. 3 . At each pressure step, the calculated lung volume is used to set the left and right lung conductivities on the FE thorax model. EIT data (assumed to be the real measurements) are then generated using adjacent drive patterns with an injected current of 5 mA and matched with the model predicted data set using the backprojection matrix until some precision is reached. 
EIT image reconstruction

SIMULATION STUDIES
In ARDS, the lungs become stiffer and the lung units tend to open and collapse at higher pressures.
To reproduce these conditions in the model, μ and SD which are related to TOP and TCP pressures were given the values shown in Table 3 ( Markhorst et al., 2004) . Fig. 4 shows the Pressure-Volume (PV) curves obtained for healthy and ARDS affected lungs.
Figure 4: PV curves for the simulated normal (healthy) and ARDS conditions (mild, moderate and severe).
The simulated ARDS scenarios presented in Table 3 are reproduced on the physiological model where the shunt fraction is assumed to quantify the fraction of collapsed alveoli F uv,p (Smith et al., 2005) . Figs. 5 and 6 show the sequence of reconstructed images during a breathing cycle (progressing from left to right and top to bottom) for simulated mild and moderate ARDS scenarios respectively. The patient's blood gas model SOPAVent has been validated in a previous study with clinical data gathered from a group of ICU patients (Wang et al., 2007) . Table 4 gives the ventilator and model parameters relating to one of the patients. The shunt fraction and relative dead-space in Table  4 have been assumed here to approximate the alveolar shunt (SH alv ) and alveolar dead-space (DS alv ) respectively and are used to update equations (5) and (6) in the physiological model. The model is cycled through a tidal expiration from FRC to a tidal inspiration and the results are shown in Fig. 7 . The fraction of collapsed alveoli obtained from (6) was 25.72% therefore the lungs were ventilated with over 200,000 alveoli. Fig. 7b shows the collapsed lung regions assumed in the model to occur in the dependant sections of the lungs subjected to the gravitational pressure. 
CONCLUSIONS
EIT is an established monitoring technique with the potential of becoming a valuable bedside tool for the assessment of the pulmonary function in ICUs. EIT is also capable of tracking local changes in pulmonary air contents and thus, can be used to continuously guide the titration of ventilation in ARDS patients whilst minimising the risk of VILI. A physiological model which combines a blood gas model with a model of lung mechanics has been developed and used to demonstrate the principles of EIT image reconstruction on simulated scenarios of ARDS lungs under mechanical ventilation. The model leads to a good understanding of respiratory physiology in ARDS affected lungs. After its validation against clinical data recorded on realpatients, the model can therefore be used to evaluate a new EIT-based decision support system for effective therapy which is currently being developed by the Sheffield Research Group.
